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Abstract 
Noninvasive monitoring of hyperthermia is important for treatment guidance and thermal dose control. One potential 
approach is to monitor the change of temperature or coagulated zones through ultrasonic backscattered signal processing. 
In this paper, we presented a noninvasive method for hyperthermia monitoring based on the analysis of microstructural 
characteristics of in vitro porcine liver tissues at different temperature (20°C-60°C) including normal and coagulated 
tissues by estimating the center frequency of scatterers (CFS) using the autoregressive (AR) cepstrum of ultrasonic 
backscattered signals. The method is based on the discrete scattering model described in the tissue characterization 
literature and the observation that most biological tissues are semi-regular scattering lattices. A total of 20 in vitro porcine 
liver samples were used and heated by the water bath in the experiments. Experimental results show that the CFS in 
porcine liver tissues decreases as the temperature increases. The CFS obtained using this method may be used as a 
characteristic parameter for tissue characterization in noninvasive monitoring of hyperthermia. 
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1. Introduction 
Noninvasive monitoring of hyperthermia is important for treatment guidance and thermal dose control [1]. 
Various methods have been proposed to monitor and evaluate hyperthermia-induced lesions during the 
therapy. MRI, CT, and ultrasound are three major imaging methods available to noninvasively monitor 
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hyperthermia. Ultrasound based techniques are promising for its low costs and real-time capability. Changes 
in tissue properties, such as attenuation, speed of sound, nonlinearity and elasticity have been measured at the 
site of the hyperthermia-induced lesions and methods to detect these changes have been reported [2-5]. The 
ultrasonic tissue characterization technique is adopted to analyze quantitatively the physical (acoustic) 
features of the normal or pathological tissue through detecting the acoustic parameters [6]. The spectral 
technique is one of ultrasonic tissue characterization techniques. Spectral techniques for estimating the 
harmonic frequency shift can be classified as power spectral density methods (PSD) [7,8], cepstral methods 
[9,10], and spectral redundancy techniques [11 14]. Previous work utilized the PSD of the backscattered echo 
spectrum to characterize frequency shift [7 9], but the PSD only includes the correlation between each 
spectral component and its own conjugate. Landini et al. [8] suggested using the cepstrum of the magnitude of 
the spectra, which converts the multiplicative effect of the transducer response (in the frequency domain) into 
an additive effect. This enables the reduction in the lower frequency system effects and retaining tissue 
scatterer information using a high pass filter on the cepstrum. Wear and Wagner [15] have proposed the use of 
cepstral techniques using an AR spectral estimator (based on the Burg s algorithm). They demonstrated a 
better performance over other cepstral methods, especially when small gate lengths were used. AR spectral 
estimates on human data have exhibited a decreased dependence on gate length [15]. Compared with classical 
techniques, AR cepstrum can ensure much better spectral resolution [14, 15]. 
2. Principles and means of spectrum analysis 
2.1. Received Signal Model 
Average scatterer spacing can be best understood in terms of the discrete tissue scattering model. This 
model has been accepted by many authors in the field of tissue characterization with diagnostic ultrasound [15-
16]. The discrete tissue scattering model assumes that the backscattered A-line data x(t) consist of a 
superposition of scaled and shifted versions of the spatially varying impulse response ( )
i
P  of the diagnostic 
transducer and the medium [17]. 
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where N represents the number of scatterers within the resolution tissue, t represents time, and Zi and Ai are 
the position and magnitude of the ith scatterer along the transducer imaging axis, respectively. The term ci 
reflects the spatial dependence of the speed of sound in the medium. When the distance between scatterers is 
not uniform, but has some level of regularity, the local peaks in the PSD will be determined. 
Assuming the above model, it can be shown that the PSD of the backscattered signal x(t) has resonances 
related harmonically. More precisely whenever scatterers are uniformly spaced the PSD of x(t) , has peaks at 
( ) ( ) / 2 ( ), 1,2,3, ,
k
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When the distance between scatterers is not uniform, but has some level of regularity, the local peaks in the 
PSD will be determined by the average distance between scattering centers. The larger the variance in the 
scatterer spacing distribution, the wider are the resonant peaks in the PSD. 
2.2. AR Spectrum Estimation 
There are many methods for performing spectrum estimation; a large portion of these methods is based on 
either computing Fourier coefficients (classical methods) or computing a signal model from which to derive the 
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spectrum (parametric methods). To illustrate this method, suppose it is desired to estimate the AR spectrum 
G( f ) , a signal y(n). The first step in a parametric technique is to compute the model coefficient ai. The AR 
model of signal y(n) can be defined as [18] 
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                                                                (3) 
where y(n) is the AR time series, B(n) is the white noise which has zero mean and variance 2
b
, p is the order 
of the AR model, and ai is the model coefficients. There are many techniques available for computing the 
model coefficients ai. The method used in this research is referred to as the . The 
method is used to compute the ai coefficients. After the model coefficients ai are computed, the AR spectrum of 
y(n) can be estimated directly from the model coefficients without actually generating y(n) [19] 
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where t is the interval of sampling time, G( f ) is the echo signal power spectrum of tissues. 
3. Experiment and analytical system 
Fresh porcine livers bought from a slaughterhouse were used in this study, which were degassed and 
placed in distilled water during our experiment. A total of 20 in vitro porcine liver samples sized 4*5*6 cm 
were used and heated by the water bath. A modified diagnostic ultrasound system with a 128-element linear 
array imaging probe which has a center frequency of 3.5 MHz (Teknova TH-600, China) was used to capture 
the radiofrequency (RF) signals backscattered by the tissue and digitize the RF signals at a sampling rate of 14 
MHz with the precision of 16 bits. A workstation running a software program developed in Visual C++ 6.0 
controlled the operation of the entire system. The RF signals were stored in the hard drive of the HP 
Workstation for off-line processing. The overall system block diagram of the experimental setup is shown in 
Figure 1 and the water bath platform is show in Figure 2. The thermostatic water tank was used for adjusting 
water temperature. The echo signals of liver samples at different temperature (20°C-60°C) were collected 
through the ultrasonic launched receiver for further analysis. Since the temperature of protein coagulation is 
54°C, the signals are from both normal and coagulated tissues. 
                 
Fig. 1. Water bath experiment                                                                    Fig. 2. Water bath platform 
Ten times of sampling was conducted for each liver sample. The ultrasound echo signals collected along 
141 Sheng Lei et al. /  APCBEE Procedia  7 ( 2013 )  138 – 144 
each A-line contain scattering information at different depths. The data length selected in the experiment was 
4 mm (150 sample points) at a tissue depth of 2 cm, with the sampling frequency fs = 14 MHz and the speed 
of sound c = 1500 m/s. These selected parameters proved to be feasible in terms of treatment practice and 
histological analysis. Finally, the order of the AR model was selected as 19 (d = 1.0 mm <=> 19 data points at 
14 MHz sampling frequency). Much work of order selection was addressed by Wear et al. [15]. All the results 
were statistically analyzed based on the CFS in the processing windows located at different depths. 
4. Experimental results and discussion 
   
Fig. 3. Typical ultrasonic RF (echo) signal from normal tissue and coagulation tissues 
   
Fig. 4. AR power spectrum of normal tissue and coagulation tissues 
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Fig. 5. The maximum position on the cepstrum 
 
Fig. 6. The statistical average CFS at different temperature 
Figure 3 shows a typical ultrasonic echo signal from normal (20 ) and coagulation tissues (55 ). Figure 4 
shows the AR power spectrum of the ultrasonic backscattered echo signal in Figure 3. In Figure 4, the shape of 
the waveform shows the harmonic characteristics on the AR power spectrum, which results from the coherent 
scattering of the tissue scatterers from inside the porcine liver tissues. The periodic harmonic component 
indicates certain quasi-periodicity in the scattering structure of porcine liver tissues. The CFS in porcine liver 
tissues obtained from the maximum position on the cepstrum is shown in Figure 5. The statistical average CFS 
in the porcine liver tissues at different temperature (20°C-60°C) is show in Figure 6. 
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The statistical analysis is shown in Table 1. Confidence intervals are calculated by from the 95% percentage, 
and the results are shown as  and a is given the value of 0.05. 
As shown in Table 1, the CFS in porcine liver tissues decreases as the temperature increases. The CFS shift 
may provide a reference basis for the diagnosis of the characteristics of clinical structures and temperature. 
Table 1. The CFS of porcine liver tissues at different tmeperature 
Temperature CFS (MHz) CFS Shift (MHz) 
20°C 3.55 ± 0.09 0 
30°C 3.14 ± 0.12 0.41 
40°C 2.87 ± 0.11 0.27 
50°C 2.79 ± 0.10 0.08 
60°C 2.72 ± 0.08 0.07 
5. Conclusion 
In this paper, the microstructural characteristics of the porcine liver tissues at different temperature 
including normal and coagulation tissues are delineated by estimating the CFS using the AR cepstrum of 
ultrasonic backscattered signals. A total of 20 in vitro porcine liver samples were used and heated by the 
water bath in the experiments. Experimental results show that the CFS in porcine liver tissues decreases as the 
temperature increases. The CFS obtained using this method may be used as a characteristic parameter for 
tissue characterization in noninvasive monitoring of hyperthermia. 
6. References 
[1] Arthur R M, Straube W L, Trobaugh J W, Moros E G. Non-invasive estimation of hyperthermia temperatures with ultrasound. 
International Journal of Hyperthermia 2005;21: 589-600. 
[2] Yu N C, Lu D S, Raman S S. Hepatocellular carcinoma: microwave ablation with multiple straight and loop antenna clusters
pilot comparison with pathologic findings. Radiology2006;239:269 75. 
[3] Liang  P, Wang  Y. Microwave ablation of hepatocellular carcinoma. Oncology 2007;72:124 31. 
[4] Martin R C, Scoggins C R, McMasters K M..Microwave hepatic ablation: initial experience of safety and efficacy. J Surg Oncol 
2007;96:481 46. 
[5] Liang P, Wang Y, Yu X, Dong B. Malignant Liver Tumors:Treatment with Percutaneous Microwave Ablation Complications 
among Cohort of 1136 Patients. Radiology2009; 251: 933 -40. 
[6] Brand S, Weiss E, Lemor R. High Frequency Ultrasound Tissue Characterization and Acoustic Microscopy of Intracellular 
Changes. Ultrasound in Medicine & Biology2009;34:1396-407. 
[7] Eugene P, Khizhnyak, Marvin C. Heating Patterns in Biological Tissue Phantoms Caused by Millimeter Wave Electromagnetic 
Irradiation. IEEE Transactions on Biomedical Engineering1994;41: 865-73. 
[8] Landini L, Verrazzani L. Spectral characterization of tissue microstructure by ultrasound: a stochastic approach. IEEE Trans. 
Ultrason. Ferroel. Freq. Cont.1990;37:448 56. 
[9] Kuc R, Haghkerder K, Donnell M. Presence of cepstral peaks in random reflected ultrasound signal. Ultrason. Imaging 1986;8: 
196 212. 
[10] Lizzi F L, Feleppa E, Jaremko N. Liver-tissue characterization by digital spectrum and ceptrum analysis. IEEE Ultrason. 
Symp.IEEE1981:575 78. 
[11] Varghese T, Donohue K D. Characterization of tissue microstructure scatterer distribution with spectral correlation. Ultrasound 
Imaging1993;15:238 54. 
[12] Varghese T, Donohue K D. Mean scatterer spacing estimates with spectral correlation.J. Acoust. Soc. Amer1994;96:3504. 
144   Sheng Lei et al. /  APCBEE Procedia  7 ( 2013 )  138 – 144 
[13] Varghese T, Donohue K D. Estimation of the mean scatterer spacing estimates using the frequency-smoothed spectral 
autocorrelation function. IEEE Trans. Ultrason. Ferroel. Freq. Cont1995;42:451 63. 
[14] Pereira W C A, Bridal S L, Coron A, Laugier P. Singular spectrum analysis applied to backscattered ultrasound signals from in 
vitro human cancellous bone specimens. IEEE Trans. Ultrason. Ferroel. Freq. Cont2004;51: 302 12. 
[15] Wear K A, Wagner R F. Application of autoregressive spectral analysis to cepstral estimation of mean scatterer spacing. IEEE 
Trans. Ultrason. Ferroel. Freq. Cont. 1993;40: 50 59. 
[16] Weng L, Reid J M, Shankar P M, Soetanto K, Lu X M. Nonuniform phase distribution in ultrasound speckle analysis-Part I: 
Background and experimental demonstration. IEEE Trans. Ultrason.Ferroelec. Freq. Contr1992;39:352-58. 
[17] Weng L, Reid J M, Shankar P M, Soetanto K. Nonuniform phase distribution in ultrasound speckle analysis Part 11: Parametric 
expression and a frequency sweeping technique to measure mean scatterer spacing. IEEE Trans. Ultrason. Ferroelec. Freq. Contr. 
1992;39: 360-65. 
[18] Xu S, Liu Z L, Quan H Y. Eliminate false peak of Burg spectrum estimation based on EMD. 2010 2nd International Conference 
on Advanced Computer Control (ICACC 2010)2010 :344-7. 
[19] Ai S F, Li H, Fu L H. Angle domain average and autoregressive spectrum analysis based gear faults diagnosis.2009 
International Joint Conference on Artificial Intelligence (JCAI)2009:659-62. 
